Abstract An HBV rainfall-runoff model was applied to test the influence of climatic characteristics on model parameter values. The methodology consisted of the calibration and cross-validation of the HBV model on a series of 5-year periods for four selected catchments (Axe, Kamp, Wieprz and Wimmera). The model parameters were optimized using the SCEM-UA method which allowed for their uncertainty also to be assessed. Nine climatic indices were selected for the analysis of their influence on model parameters, and divided into waterrelated and temperature-related indices. This allowed the dependence of HBV model parameters on climate characteristics to be explored following their response to climate change conditioned on the catchment's physical characteristics. The Pearson correlation coefficient and weighted Pearson correlation coefficient were used to test the dependence. Most parameters showed a statistically significant dependence on several climatic indices in all catchments. The study shows that the results of the correlation analysis with and without parametric uncertainty taken into account differ significantly.
INTRODUCTION
Climate projections published by the Intergovernmental Panel on Climate Change in their Fifth Assessment Report (IPCC 2013) indicate an increase in the variability of precipitation, which will in turn lead to larger seasonal variations in runoff in many areas. According to the information provided (Christensen et al. 2013 ) the effect of climate change on hydrological process will be spatially varied, leading to more frequent occurrence of extreme hydrological conditions (floods and droughts). Projected increases in temperature will also have consequences for hydrological regimes, such as a reduction in winter snow storage, a larger volume of winter precipitation falling as rainfall, and increases in potential evapotranspiration. All these expected changes indicate possible changes in catchment processes, and in particular, the hydrological cycle. The hydrological impacts of climate change may be assessed using hydrological models calibrated on available historical data and run using predicted future climatic forcing. This approach assumes that catchment processes are stationary. Many scientists have realized that this assumption contradicts the main goal of the research undertaken, i.e. the prediction of changes in hydrological regimes in a changing climate (e.g. Li et al. 2012) . In addition, rainfall-runoff models applied for the estimation of future hydrological changes are usually calibrated using particular performance criteria, such as the Nash-Sutcliffe coefficient (Nash and Sutcliffe 1970) . That type of criterion favours model parameters that give good model performance for average to high flow values (Gupta et al. 2009 ), but might not be suitable for simulating future low and high extreme flow events. A discussion of different aspects of model calibration and model reliability is given by Seibert (2003) , who used a differential split-sample test on four different catchments and included additional groundwater level data for calibration. His results showed that model simulations obtained outside the parameter calibration range should be treated with caution. The transferability of hydrological model parameters under varying climatic conditions was investigated by Vaze et al. (2010) and Li et al. (2012) for Australian catchments. Both studies found that model parameters depend on climatic characteristics and that their temporal transferability depends on both climatic and physical catchment conditions. The division of time periods into dry and wet weather conditions allowed for the illustration of the dependence of model parameters on climate. Singh et al. (2011) studied 294 USA catchments. They conditioned (calibrated) catchment model parameters on climatic characteristics, such as runoff ratio (the long-term ratio of streamflow to precipitation) and baseflow index (the long-term ratio of baseflow to total streamflow). The results indicated that the catchment response to climate variability is stronger when taking into account the dependence of model parameters on climatic characteristics, especially for high and low flow conditions. Previously, the generally advised length of the calibration period exceeded several years to capture the variability of climatic conditions (e.g. Sorooshian and Gupta 1983) . That approach assumed that climatic processes are stationary and therefore the model parameters are constant. However, when a change of parameters is expected due to a changing climate, the calibration time horizon should be shorter. Merz et al. (2011) analysed the change of parameters of rainfall-runoff models calibrated to six consecutive 5-year periods between 1976 and 2006 for 273 catchments in Austria. The results of that study indicated statistically-significant temporal trends for HBV parameters related to snow and soil moisture. The tendency and slope were similar for different regions of Austria indicating a rather general tendency. The trends found in parameter values were attributed to changes in climatic conditions. The analysis indicated a large variability in the correlation between model parameters and climatic indices for the analysed catchments, which may be attributed to differences in the hydrological processes in catchments and parameter identifiability problems.
The present paper extends the work of Merz et al. (2011) in two ways: by the extension of the study area to catchments located in various climatic zones and taking into account model parameter uncertainty. The parametric uncertainty is taken into account by using the Weighted Pearson Correlation Coefficient (WPCC) to analyse the relationships between the HBV model parameters estimated by the SCEM-UA optimization method, developed by Vrugt et al. (2003) , and climatic indices.
The research done so far shows that the problem is complex and depends both on climatic and catchment characteristics. The novelty of the present research lies in looking at the problem of parameter nonstationarity from a different perspective, i.e. looking at the physical interpretation of possible changes. Specifically, the goal of the paper is to investigate the dependence of the parameters of the conceptual model HBV (Bergström 1995) on climate indices, for a number of catchments varying in size and water availability, taking into account the physical interpretation of the parameters. This paper is part of a larger project aiming at the analysis of the nonstationarity of hydrological model parameters under varying conditions (Thirel et al. 2015) . In the framework of this project, a common hydro-meteorological database with data from 14 catchments was provided. The project participants tested the application of hydrological models under changing conditions at various temporal scales. We focus on the influence of varying climatic conditions whilst assuming a stable land use. The paper's goal was carried out by: (a) calibration of a conceptual rainfallrunoff model (HBV) using a 5-year moving window and cross-validation of the model parameters; (b) analysis of the temporal variability of the HBV model parameters and climatic indices; and (c) analysis of the dependence of model parameters on climatic indices taking into account parametric uncertainty.
Section 2 presents the study catchments and describes the physical characteristics of the catchments. Section 3 presents the methodology including the choice of climatic indices, a description of the hydrologic model HBV, simplification of the model structure using the sensitivity analysis, methods used for the model calibration and validation, and the methods applied to study the correlation between parameters and climatic indices. Section 4 describes the results of the study including the temporal variability of climatic indices, a summary of the calibration and validation results and temporal variability of HBV model parameters, followed by a discussion of the dependence of model parameters on climatic indices. Conclusions are presented in Section 5.
STUDY CATCHMENTS
In this paper we analysed three catchments selected from the database provided in the framework of the IAHS Workshop Testing simulation and forecasting models in nonstationary conditions (held in Göteborg, Sweden, July 2013), and an additional catchment, Wieprz, located in Poland. A detailed description of the catchments from the workshop database is provided by Thirel et al. (2015) . The chosen catchments are characterized by stable landuse conditions, the availability of input data (precipitation, air temperature, potential evapotranspiration) and their suitability for the HBV modelling.
The Wieprz catchment is located in eastern Poland, the River Wieprz being a tributary of the River Vistula. The catchment area (approx. 10 231 km 2 ) is located entirely within the administrative boundaries of Lublin province. The catchment elevation ranges from the 115 m a.s.l. at the gauging station to about 390 m a.s.l. for the highest hills. According to the Corine Landcover data for the year 2000, it is covered by agricultural areas (77%), forest and semi-natural areas (19%), artificial surface (3%) and water bodies (1%). Comparison of Corine Landcover data from the years 1990, 2000 and 2006 indicates relatively stable land-use conditions in this catchment.
In this study we use flow observations from the Kośmin gauging station. The rainfall and temperature data are based on observations from the Puławy, Sobieszyn, Lublin, Tarnogród, Zamość, and Tomaszów Lubelski meteorological stations. Figure 1 shows a map of the Wieprz catchment together with the location of the hydro-meteorological stations.
As is evident from Table 1, the catchments differ in size and geographic location, implying that the climatic conditions are also different.
METHODOLOGY

Climatic indices
There are many different indices that can be used to describe the variability of climatic conditions influencing hydrological model parameters (e.g. Van Werkhoven et al. 2008 , Merz et al. 2011 . The most relevant variables for the modelling of hydrological processes are precipitation, air temperature and potential evapotranspiration (PET). From a systems theory point of view, the model should be stimulated by strong and highly variable input for the model parameters to be identified (e.g. Schweppe 1973) . For this reason, we analyse the mean of climatic characteristics over the time window (five years) and the variability of climatic characteristics measured by their standard deviation. For each time window of 5 years we determined the following climatic indices: mean P: mean precipitation; std P: standard deviation of daily precipitation; NW: number of wet days estimated from catchment average precipitation; mean PW: mean wet day precipitation; std PW: standard deviation of wet day precipitation; mean PET: mean daily PET; std PET: standard deviation of daily PET; mean T: mean daily air temperature; and std T: standard deviation of daily air temperature.
Altogether we have nine indices that describe climatic conditions and examine herein their variability within the chosen observation period. As some of these indices are correlated with each other, their joint impact on the model performance should be assessed with care. Further, we study the degree of correlation between climatic indices and HBV parameters using statistical methods (the Pearson correlation coefficient and its weighted version). The nine chosen indices can be roughly divided into two groups: precipitation-related and temperature-related. The first group includes mean P, std P, NW, mean PW and std PW. The number of wet days (days with precipitation >0.1 mm/d) was calculated based on the catchment average precipitation. These values depend on the catchment size and the number of precipitation stations. The second group includes indices based on direct observations of temperature (mean T, std T), and those derived from temperature, based on PET (mean PET, std PET). As mentioned, the indices within groups may be correlated. In particular, there is a strong correlation between indices related directly to temperature and those that are temperature-derived, i.e. PET. Nevertheless, each of the indices carries different information on climatic conditions and its relationship to the HBV model parameters might be different.
Hydrological model
The rainfall-runoff model applied in this paper is the lumped conceptual HBV model (Bergström 1995 , Booij 2005 , Booij and Krol 2010 . It has often been used to study the influence of climate change on water resources (Bergström et al. 2001 , Andréasson et al. 2004 , Graham et al. 2007 , Akhtar et al. 2008 , Olsson and Lindström 2008 , Van Pelt et al. 2009 , Arheimer et al. 2011 , Cloke et al. 2013 , Demirel et al. 2013 . The model has a physically-based structure that includes four conceptual storage reservoirs describing snowmelt, soil moisture, and runoff components of the rainfall-runoff processes in the catchment (Fig. 2) . In this study the model was run on a daily basis. Due Vaze et al. (2011) to the different sources of data, PET was calculated using different methods:
• Axe and Wimmera catchments-Morton's wet environment evapotranspiration algorithm (Potter and Chiew 2011);
• Kamp catchment-modified Blaney-Criddle method (Parajka et al. 2007) ; and • Wieprz catchment-Hamon method based on air temperature (Hamon 1961) .
The lumped HBV model is a simplified representation of spatially varying rainfall-runoff processes in a catchment. Therefore, model parameters have only a very crude resemblance to their physical counterparts. The structure of the HBV model used is presented in Fig. 2 . The model has fourteen parameters. These are FC: maximum soil moisture storage (mm), β: nonlinear runoff parameter, LP: limit for potential evapotranspiration, α: nonlinear response parameter, KF: upper storage coefficient (1/d), KS: lower storage coefficient (1/d), PERC: percolation rate (mm/d), CFLUX: maximum capillary rate (mm/d), TT: threshold temperature (°C), TTI: temperature threshold interval length (°C), CFMAX: degree-day factor (mm/°Cd), FOCFMAX: CFMAX (degree-day factor) corrected for forests (mm/°Cd), CFR: refreezing factor of water released from melting snow (-), and WHC: water holding capacity of snow (mm/mm). The precipitation, PET and temperature are external driving forces. Parameters TT, TTI, CFMAX, FOCFMAX, CFR and WHC are related to snow processes. The FC, LP and β parameters are related to the soil moisture processes in the catchment (unsaturated zone). CFLUX represents the capillary transport between the fast runoff reservoir and the soil moisture reservoir. The fast runoff is described by the KF and α parameters. PERC describes the transport between the fast and slow runoff reservoirs (percolation). The slow runoff reservoir is represented by the KS parameter. The influence of parametric uncertainty 1303
Model simplification
The selected version of the HBV model includes 14 parameters and could suffer from equifinality problems (Beven 2006) . To simplify the model, a sensitivity analysis using the Morris method was applied (Morris 1991) . In this method the sensitivity is estimated on the basis of a number of local changes at different points of the possible range of model parameters, called elementary effects. The global results are obtained by regional exploration of the input space. The results of this method are presented in the form of two measures: μ* and δ. The first measure represents the overall influence of a factor (in this case an HBV model parameter) on the output. This is a revised version of the original measure μ proposed by Morris (1991) . This new version introduced by Campolongo et al. (2007) is computed from the mean of the absolute values of the elementary effects, which allows the problem of effects of an opposite sign to be solved. The second measure, δ, estimates the ensemble of the factor's higher-order effects (i.e. nonlinearity or interaction with other parameters). These two measures allow the classification of the HBV model parameters into two groups, taking into account their effect on the analysed model output (here, the sum of squared errors, SSE). The first group consists of parameters with a significant influence on an objective function. Other parameters without a significant impact on the value of an objective function are in the second group. The results of the sensitivity analysis for the four catchments over their entire observation periods are presented in Table 2 . A value of 1 indicates a significant influence on the objective function value, while a value of 0 indicates a lack of significant influence. The FC parameter (maximum soil moisture storage) has the highest influence on the objective function value in all four catchments. Two other parameters (LP and α) are significant in all the catchments as well. The parameters KS, CFLUX, TTI, FOCFMAX and CRF do not have a significant influence on the model output and, therefore, in all cases the HBV model can be simplified by assuming these parameters as constant. The parameters related to snow are not important for the two Australian catchments (Axe and Wimmera).
In the further analysis it was assumed that only parameters with a significant influence on the model output are subject to model calibration and validation.
Model calibration and validation
Model calibration is carried out using the SCEM-UA algorithm (Shuffled Complex Evolution Metropolis, Vrugt et al. 2003) . This method combines controlled random search, competitive evolution and complex shuffling together with the Monte Carlo Markov Chain (MCMC) algorithm for the estimation of posterior parameter distributions. A detailed description of the SCEM-UE method is presented by Vrugt et al. (2003) . The settings used for the calibration run are based on the recommendation of Vrugt et al. (2006) for complex problems (the number of complexes/ sequences is 5, population size is 250, maximum number of iterations is 50 000). The MCMC is carried out using an informal likelihood measure, i.e. the sum of squared errors (denoted as SSE). The best fit is obtained for the lowest values of SSE.
The model parameters were drawn from uniform distributions within predefined upper and lower parameter boundaries (Table 3) based on studies by Seibert (1999 Seibert ( , 2003 , Booij and Krol (2010) , Abebe et al. (2010) , and Deckers et al. (2010) . The HBV model was calibrated using available daily precipitation, temperature, PET and runoff observations for each catchment. A 5-year moving window was applied changing on an annual basis, i.e. the window is moved year-by-year between two subsequent periods, and therefore the sub-periods overlap. Due to the different lengths of the datasets, the number of periods for each catchment differs. The calibrated Table 2 Results of HBV model parameter classification according to the sensitivity analysis using the Morris method. Shaded values (1) indicate a significant influence on the sum of squared errors (SSE), while 0 indicates a lack of significant influence. 
Dependence of hydrologic model parameters on climatic variables
The most popular measures of correlation are Kendall's tau, Spearman's rho, and Pearson's r. The first two are based on ranks and measure monotonic relationships. They are insensitive to effects of outliers. The more commonly-used Pearson's r is a measure of linear correlation, one specific type of monotonic correlation. The Pearson correlation coefficient (PCC; Wilcox 2005), was used to assess the strength of the relationships between model parameters and climatic indices. The PCC is a measure of linear dependence between two variables x and y defined as:
where x and y are the averages of two variables x and y respectively, and n is the number of observations. The value of PCC ranges from −1 to 1. A value of 0 indicates no correlation, whilst values of −1 or 1 indicate, respectively, a perfect negative or positive correlation. The PCC is sensitive to outliers and to the shape of the function describing the dependence (curvature). The significance of the PCC was assessed at the 0.05 level. The basic assumptions of the PCC approach are random sampling and independence of the observation series of each studied variable. Additionally, the two variables under study should have a joint bivariate normal distribution.
The application of the SCEM-UA method for parameter optimization also provides parametric uncertainty. The estimated uncertainty of calibrated parameters was included in the analysis of dependence of model parameters on climatic indices. A weighted version of the Pearson correlation coefficient was calculated, following Pozzi et al. (2012) , in the form:
The weight structure was constructed by converting standard errors of parameter estimates into inversevariance weights. We use the following equation:
where x i is an estimated standard deviation of a parameter for each 5-year period i. In the next step these weights were standardized to 1 for each parameter separately:
In this way we could include information on the uncertainty of the HBV model parameters. Pearson weighted correlation coefficients are very similar to and characterized by the same properties as the PCCs.
RESULTS AND DISCUSSION
This section presents the results of the calibration and validation of model parameters performed for the selected catchments, and the relationships between climatic indices and the model parameters optimized for the moving 5-year sub-periods.
As we were investigating the dependence of HBV model parameters on climatic indices, their time-variability was analysed first, followed by the calibration and validation results, temporal variability The influence of parametric uncertaintyof HBV model parameters, and then discussion of the relationships between HBV model parameters and climatic indices.
Temporal variability of climatic indices
The climatic indices vary in time and space. Their variability has both natural and anthropogenic origins that are difficult to separate. The catchments under study have relatively stable land-use conditions (Thirel et al. 2015) and, therefore, we have assumed that they are mainly influenced by climatic variability. It should be noted that changes in climatic conditions will be also reflected in changes of catchment characteristics. However, that type of feedback has much slower dynamics and may be visible only over a long time period. We expect that changes in the catchment morphology and land use related to climate change occur in tens of years rather than on an annual basis. An example of the temporal variability over 5-year periods of nine indices for the Axe catchment is shown in Fig. 3 . The three upper panels in Fig. 3 present the mean and standard deviation of daily precipitation and the mean number of wet days; the middle row presents the mean and standard deviation of precipitation during wet days and the mean of PET; and the bottom row presents the standard deviation of PET and the mean and standard deviation of daily air temperature.
As some of the indices are interrelated, their temporal variability is similar. In particular, there is a similarity between panels in the first row corresponding to precipitation, and between panels in the third row related to PET and air temperature. The results for the Axe catchment shown in Fig. 3 are characterized by a decline in the mean and standard deviation of precipitation and the number of wet days (first row), a lack of statistically-significant changes, assessed by the modified Mann-Kendall test (Hamed and Rao 1998) , in the mean and standard deviation of precipitation during these days (second row), and a decrease of mean temperature (third row).
Similar analyses were carried out for the three other catchments, Kamp, Wieprz and Wimmera. The variability of climatic conditions in these catchments is presented in the Supplementary material. Table 4 . The number of sub-periods varies from 24 for the Wieprz catchment to 38 for the Wimmera catchment. The Kling-Gupta efficiency (KGE) values (Gupta et al. 2009 ) illustrate the performance of the models during the calibration and validation stages. A sum of squared errors was applied as an objective function during the calibration stage, but derived from it, the KGE measure is more suitable for the comparison between the catchments. We also present results of the KGE decomposition into the linear correlation coefficient(r), a measure of relative variability in the simulated and observed time series (α), and the ratio between the mean simulated and observed values (β):
HBV model calibration and validation
A summary of the calibration results is given in
where subscripts s and o denote simulated and observed time series. This decomposition allows for the detection of the main sources of problems during calibration. Good calibration results are required to derive potentially good parameter values and their robustness is assessed in the validation stage. In the ideal case, the three components of decomposed KGE are r = 1, α = 1 and β = 1. The results of decomposition show that the α values in the calibration period are always below 1, i.e. the variability is systematically underestimated (Gupta et al. 2009 ). This could be overcome when optimizing on KGE. The minimum KGE values for the calibration vary from −1.795 for the Axe catchment to 0.632 for the Kamp catchment. The poor results of the HBV model calibration are not due to problems with the optimization method, Table 4 Summary of the data length, number of sub-periods, and calibration and validation results of the HBV model for the four catchments. The values show the minimum, median and maximum values of the Kling-Gupta efficiency criterion and its decomposition into r: the linear correlation coefficient, α: a measure of relative variability in the simulated and observed time series, and β: the ratio between the mean simulated and observed values for the calibration and validation in a 5-year moving window. As a result of the SCEM-UA optimization method, the posterior distributions of the analysed parameters were estimated. The derived posteriors for most parameters exhibit an approximately normal distribution.
The second step was the validation of the derived models. For each calibration sub-period the optimized parameter set (corresponding to median parameter values from the posteriors) was used to perform all possible validations on the other subperiods. The results of the validation depend on the catchment and the period (see the Table 4 The results for the three remaining catchments (Kamp, Wieprz and Wimmera) are presented in the Supplementary material.
The validation results illustrate typical patterns for the analysed catchments. All the analysed catchments are characterized by the existence of two periods with opposite (good and poor) results in the validation stage. Referring to climatic variability for the Axe catchment (Fig. 5) we note that the models calibrated on dry periods give poor performance during the wet periods. These results confirm the findings of Vaze et al. (2010) , Merz et al. (2011) and Coron et al. (2012) .
Temporal variability of HBV model parameters
The posterior distributions of the HBV model parameters are used to estimate the median and standard deviation of the obtained parameters for each catchment and each 5-year period.
The temporal variability of the HBV model parameters and its uncertainty for the Axe catchment are shown in Fig. 6 . The results for the remaining three catchments (Kamp, Wieprz and Wimmera) are presented in the Supplementary material.
Each panel in Fig. 6 presents the median and 95% confidence limits of six model parameters (FC, β, LP, α, KF and PERC) obtained for a 5-year moving window. It is worth noting that the median parameter values vary over wide ranges. The estimated confidence limits of the HBV model parameters are also varying with time. For the Axe catchment the widest confidence limits were estimated for the most recent periods with relatively dry climatic conditions.
Dependence of model parameters on climatic indices
In the next step we estimated the dependence of the HBV model parameters on climatic indices using the Pearson correlation coefficient (PCC) and the weighted PCC (WPCC). An example of scatterplots with statistically significant relationships between the estimated HBV parameters and climatic characteristics for selected catchments (the Axe, Kamp and Wimmera) are shown in Fig. 7 . The FC parameter has a significant influence on objective function values in all analysed catchments. The dependence of the median of the FC parameter on climatic indices is presented in Fig. 8 . The derived PCCs are significant at the 0.05 level for three catchments: Axe, Kamp and Wimmera. The Wieprz catchment shows no statistically-significant correlation between the FC parameter and climatic indices.
In order to take into account uncertainty of model parameters, the weighted Pearson correlation coefficient (WPCC) was calculated. The resulting WPCC values for the FC parameter are shown in the upper left panel of Fig. 9 . The correlation between FC and water-dependent indices is statistically significant for two catchments (Kamp and Wieprz). In both cases the WPCCs take positive values except for NW for the Wieprz catchment.
The values of WPCC for temperature-related climatic indices permit a classification of catchments into two groups. In the first group (Axe and Wimmera catchments) the values of WPCC are negative, which means that the FC parameter decreases when air temperature increases in these catchments. For the second group, the Kamp and Wieprz catchments, the WPCCs are positive and the FC parameter increases with an increase of air temperature (i.e. the soil moisture capacity increases). The Kamp and Wieprz catchments are located in the central part of Europe (Austria and Poland, respectively) and have similar climatic conditions. Therefore, we infer that these differences in the sign of WPCC values are most likely due to differences in climatic conditions. These results confirm the findings of Merz et al. (2011) , where a positive Spearman rank correlation coefficient was found between the FC parameter and mean annual precipitation, temperature and evapotranspiration.
The FC parameter is a soil-related property (type, porosity, depth) and its values may also vary in response to the variability of climatic conditions (Merz et al. 2011) . A higher temperature or observed PET will lead to a larger soil moisture storage capacity and smaller soil moisture deficit. The opposite tendency is visible with water-dependent indices; the more intense or longer precipitation, the lower the soil moisture deficit. Such a relationship is visible only in catchments without snow cover (Axe and Wimmera). In catchments located in cold climates the process of snow accumulation causes significant delays in the transition between precipitation and 1975 1980 1985 1990 1995 
Summary of estimated dependencies
The results of dependence of the correlation analysis taking into account parametric uncertainty are summarized in Table 5 .
The WPCC analysis has a qualitative value, as only the first-order dependencies are estimated. However, we can draw some general conclusions from Table 5 . The highest number of catchments with statistically significant WPCC is estimated for six cases: (a) FC parameter with mean PET and std PET, (b) β parameter with mean P and mean PW, (c) LP parameter with mean PW, (d) PERC parameter with mean P, std P, number of wet days and std T, (e) TT parameter with mean T, and (f) CFMAX parameter with mean P, std P, mean PW, std PW, mean PET and std PET.
Generalization of these relationships is impossible due to the very small sample and the large variability in the geographical and climatic conditions in the catchments. However, some patterns in the HBV parameter behaviour related to changes of climatic conditions can be discerned.
The FC parameter shows the most consistent dependency on temperature-related indices (mean PET, std PET, mean T and std T), having a significant correlation for most of the catchments. The correlation between FC and water-related indices occurs less frequently than the temperature-related indices. The parameter β shows a consistent dependence on waterrelated indices with less frequent correlation with temperature-related indices. Less frequent correlations are found for the α and KF parameters.
Considering the results from the perspective of the indices (rows in Table 5 ), the mean P shows the largest influence on the parameters (β, LP, KF, PERC, TT and CFMAX). The second most influential index is the mean PW, with frequent correlations with FC, β, LP, PERC, TT and CFMAX. For the temperature-related indices, correlation is most frequent for the mean PET and the standard deviation of PET.
CONCLUSIONS
This work was stimulated by a project aiming at the analysis of the nonstationarity of hydrological model parameters under varying conditions (Thirel et al. 2015) . In the framework of that project, a common hydrometeorological database with data from 14 catchments was provided and the project participants tested the application of hydrological models under changing conditions for various time periods. This study is limited to four catchments, with the most stable land-use conditions, availability of input data and suitable for modelling with HBV. Marzena Osuch et al.
The dependence of HBV model parameters on climatic indices was assessed using a 5-year moving window calibration by the SCEM-UA optimization method, carried out for four catchments in Europe and Australia. The robustness of the calibration was tested using cross-validation. The validation results illustrate a typical pattern for the analysed catchments. All four catchments are characterized by the existence of periods with good and weak results in the validation stage, which coincide with temporal variability of climatic indices.
The Pearson correlation coefficient (PCC) and its weighted version (WPCC) were used to test the dependence of model parameters on climatic indices. The WPCC allows for an analysis of the influence of HBV model parametric uncertainty on the derived correlations. The HBV model parametric uncertainty significantly influences the estimated correlations. In the case of large parameter uncertainty, the estimated PCCs are biased.
Most parameters show a statistically significant dependence on several climatic indices for all catchments but it is difficult to distinguish any specific The influence of parametric uncertainty patterns of dependence. Both the indices and HBV model parameters are correlated (Romanowicz et al. 2013) . Therefore, the PCC and WPCC correlation analyses have only a qualitative value. However, we can draw some general conclusions. The FC parameter shows the most consistent dependence on temperature-related indices (mean PET, std PET, mean T and std T), having a significant correlation for all the analysed catchments. The correlation between FC and water-related indices is less strong in comparison with temperature-related indices. Parameter β shows a consistent dependence on water-related indices with less frequent correlation with temperature-related indices. The α and KF parameters show weak correlations with climatic indices. The analysis indicates that mean P shows the largest influence on the HBV model parameters (β, LP, KF, PERC, TT and CFMAX). The second most influential climate index is mean PW, showing frequent correlations with FC, β, LP, PERC, TT and CFMAX. Among the temperature-related indices, mean PET and std PET show the largest correlation with the HBV model parameters.
